This paper proposes the novel design of a positioning control system of a piezo-ceramic actuator. Piezo-ceramic actuators have been used extensively in many engineering applications which require high precision positioning. However, it is well known that piezo-ceramic actuators exhibit hysteresis in their response to driving input which considerably deteriorates positioning accuracy if no appropriate compensation has been made. Huge efforts have been devoted to the design of control system for positioning control of a piezo-ceramic actuator and a number of different control strategies are proposed for its hysteresis compensation. This paper tackles the problem of the compensation of rate-dependent hysteresis of a piezo-ceramic actuator. Rate-dependence of a hysteresis means that its behavior will vary if the rate or the frequency of the driving signal of the actuator changes. This paper proposes the use of two radial basis function neural networks (RBFNN) to construct a high precision positioning control system of a piezo-ceramic actuator which exhibits rate-dependent hysteresis. The proposed control system takes the form of the internal model control (IMC) system, where one RBFNN is used as the internal model of a piezo-ceramic actuator having rate-dependent hysteresis while the other RBFNN is configured to work as a controller of the system. It is shown in this paper that RBFNN model trained with particle swarm optimization (PSO) algorithm provides good modeling performance for a wide range of driving frequency, and the RBFNN controller is made adaptive with back propagation on-line parameter updater to cope with possible modeling inaccuracy between the actuator and its model. Results of the positioning control experiments indicate that proposed adaptive internal model control system with two RBFNNs shows adequate performance on the compensation of rate-dependent hysteresis to guarantee high precision positioning.
Introduction
Smart materials integrate the function of sensing and actuation which are found in many engineering applications usually as a part of smart systems. Piezo-ceramic actuator is a prime example of the smart material. It is an engineering application of piezoelectric materials which is rapidly gaining its popularity in vibration control (Fanson and Caigjey, 1990) , machine tool control (Mahyan et al., 2000) , ultra-precision positioning (Goldfarb and Celanovic, 1997) and many other applications (Smith, 2005) because of the distinctive advantages of high stiffness, compact size, quick response, and little heat generation. However, it is well known that piezo actuators exhibit hysteretic response to input stimuli which usually ends up with considerable deterioration of positioning accuracy if no appropriate compensation is given. Extensive research efforts have been devoted to the hysteresis compensation of piezo actuators, which generally include two major problems. One is the mathematical modeling of hysteretic behavior and the other is controller synthesis.
Several model structures have been proposed to capture the hysteretic behavior mathematically after the pioneering work of Franz Preisach (1935) on the mathematical modeling of hysteretic behavior. Mayergoyz (1986) has given necessary and sufficient conditions for the representation of hysteresis nonlinearities with his scalar Preisach model. Preisach model has © 2015 The Japan Society of Mechanical Engineers [DOI: 10.1299/mej. been successfully applied to many engineering problems. Maxwell-Slip model uses voltage and charge to express hysteresis and it was reported that the model was successfully adapted to capture both symmetric and asymmetric hysteresis loops (Yeh et al., 2006) . It was also used to describe hysteretic behavior of the pneumatic artificial muscle to control its contraction (Tri et al., 2011) . But the assumption on the rising curve of hysteresis which yields the actuator to start its motion from a relaxed state is difficult to be satisfied for some application. Bouc-Wen model uses a nonlinear differential equation to express hysteresis and it was used for precise tracking control of piezo actuator (Lee et al., 2010 ). An additional example can be found in the compensation of hysteresis of a giant magnetostrictive actuator based on Duhem model (Wang et al., 2008) . Because of their definitive mathematical structures, these models require parameter identifications before they are actually used in the model based controller design. Some might require considerable amount of calculation in order to determine all the parameters included in the model to capture a single hysteresis.
A tremendous amount of results have also been reported on hysteresis compensation whose focus were on the control system synthesis. A feedforward control using inverse Preisach model was applied for accurate control of electromagnetic actuators (Rosenbaum et al., 2010) . Another feedforward compensation control system was utilized for PA system based on an exact inversion of the model under the condition that the distances between the thresholds do not increase in time (Al-Janaideh and Krejci, 2012 ). An inverse multiplicative structure was proposed to develop compensator for hysteresis nonlinearity in piezoelectric actuator using Bouc-Wen model (Rakotondrabe, 2011 ). An optimal PID control was utilized to improve tracking performance of a piezoelectric positioner at low frequencies (Shieh et al., 2008) . Lu et al. (2008) decentralized sliding mode control for a steel frame micro-manipulator. Lin (2010) presented neural network adaptive control and repetitive control for precise motion control applications. A state feedback control approach was applied to the piezoelectric actuator for diamond turning machines (Okazaki, 1990) .
Recently, it is commonly recognized by practitioners and researchers in the field that real-world piezo actuators might exhibit drastic change in their hysteretic behavior when the rate or the frequency of their driving signal varies. This phenomenon is called "rate-dependent" hysteresis. Compensation of rate-dependent hysteresis is a challenging problem and attract interest of researchers. Several results can be found in the literature which include the work by Hata et al. (2012) . They have designed a parametrized feedforward controller using Preisach model, and their controller exhibits acceptable performance for a wide range of frequencies but if the driving frequency is close to the resonance frequency of the actuator, tracking performance is deteriorated.
The intrinsic difficulty of model based control system for rate-dependent hysteresis is coming from the fact that mathematical structure of the model is fixed. This observation leads to the idea to incorporate numerical mapping staffs into the control system to capture rate-dependent hysteresis and utilize it in the controller design. This paper presents an adaptive feedback control system design for compensation of rate-dependent hysteresis of a piezo actuator. In this research, the proposed control system design is based on the structure of internal model control (IMC) originally proposed by Morari and Zafirious (1989) . The IMC basically requires precise model of a controlled-process. Neural network can be a powerful system identification tool which has good ability in approximating nonlinear mappings, and the model identification performed by neural network is applied for piezo actuators in this research. The proposed control system utilizes two neural networks with radial basis activation function abbreviated hereafter as RBFNN. One RBFNN is trained with the help of particle swarm optimization (PSO) algorithm to perform as the model of a piezo-ceramic actuator with rate-dependent hysteresis which is a necessary element to synthesize IMC, while the other RBFNN is given the role of a controller of the feedback control system. The resulting trained neural network model is hereafter referred to as PSO-RBFNN. High capabilities of PSO-RBFNN as a numerical mapping will be fully utilized to capture rate-dependent hysteresis of piezo-ceramic actuator for the proposed adaptive internal model control system. This paper is organized as follows. The next section describes how PSO-RBFNN is used to model the dynamics of piezo-ceramic actuator with hysteresis. Section 3 shows the performance of RBFNN model optimized by PSO. Section 4 dictates the construction of the adaptive IMC control system design accompanied by the on-line learning algorithm of another RBFNN which is assigned the role of a closed-loop feedback controller. The results of simulation and experiment are analyzed to validate the proposed control system in section 5, and the conclusion will be drawn in section 6.
2. RBFNN modeling design based on PSO for piezo-ceramic actuator with rate-dependent hysteresis 2.1. Description of RBFNN modeling for rate-dependent hysteresis of piezo-ceramic actuator Rate-dependent hysteresis is a form of hysteresis which changes its characteristics as a function of a rate or a frequency of an input signal. Figure 1 shows an example of rate-dependent hysteresis. This is an input vs output plot of responses of a piezo-actuator to two sinusoidal driving inputs having the same amplitude but different frequencies. A change of response characteristics can be observed. Fig. 1 The presence of rate-dependent hysteresis Neural network is a very powerful tool for modeling nonlinear mapping. Due to multi-valued nature of hysteresis nonlinearity, a three layered neural network with radial-basis activation functions has been applied here for modeling piezo actuator hysteresis. The network is configured to have a 3-7-1 structure as described in Fig.2 . The quantities labeled x 1 , x 2 and x 3 are fed to the input nodes. These correspond to
(1)
respectively, where r(k) represents the value of the training input signal at time k, r(k − 1) being the value of the training signal at previous time instant and y(k − 1) amounts to the previous output displacement of the actuator. The choice of inputs described by Eq.(1) amounts to the introduction of the nonlinear ARMA model structure for modeling rate-dependent hysteresis. This set of inputs corresponds to the simplest model which has the lowest model order among all. Supplying more input signals to the network won't contribute much to the improvement of modeling accuracy according to our tests and hence omitted to save space. Nodes at hidden layer utilize multiple radial basis function units necessary to capture the input-output dynamics of piezo-ceramic actuator. Let x i (k) denote the input vector at time k defined by
Then the output of j-th hidden layer node h j (k) is calculated by
where
represents the center of Gaussian RBF function and the scalar constant b j amounts to its Gaussian width. The output of RBF neural network denoted as y m (k) in the figure is calculated accordingly by
where w j is the weight corresponding to h j (k). It is worth to mention here that it is possible to introduce more hidden layer nodes in this model. However, having more nodes than necessary will increase the excess redundancy and the amount of computation which should be avoided in the real time control implementation. We have decided to use 7 hidden layer nodes since the introduction of additional nodes didn't contribute much to performance improvement according to the result of our test.
Training RBFNN model using PSO
Training parameters in RBFNN to capture input-output behavior of piezo actuator amounts to model identification task in the classical approach of model based control system design. It is important to have reliable, high precision model in order to achieve high control performance, no matter how the model is constructed. The particle swarm global optimization (PSO) algorithm which is proposed by Eberhart and Kennedy (Eberhart and Kennedy, 1995) is used here. The process of PSO algorithm begins with initializing a group of random particles corresponding to the parameters to be optimized, then finds out the optimal solution through iteration. Particles track two extreme values to update their own in each iteration One is the optimal solution called the individual extreme value p that particles themselves find, and the other is the present global optimal solution called the global extreme value g that the particle swarm finds. When the two extreme values are found at each iteration, the speed and the position of the particles will be updated by
for the speed, and
for the position of the particles, where v and p amount to the speed and position of a particle respectively, with suffix n representing the new updated values and c being their current values. The quantity r(0 < r < 1) in Eq. (6) is a randomly generated number to increase randomness of particle move. c 1 and c 2 are called the acceleration constants, and w represents the inertia weight whose magnitude determines the strength of the inertial behavior. The parameters c j , b j and w j of RBFNN model in Eqs. (3) and (5) will be tuned by the PSO algorithm during the training calculation as described, and the RBFNN model will be trained to provide the output value y m (k) at k-th sampling instant which is expected to be identical to the actuator output displacement y(k) as schematically shown in Fig.3 , where the signal r(·) in the figure represents the input signal for training RBF neural network.
Training of RBFNN will be proceeded by PSO to minimize the instantaneous fitting error function defined by
where y(k) is the actuator output and y m (k) is the RBFNN model output both at time k. The parameters to be trained with PSO in the 3-7-1 RBFNN actuator model include the center vector c and widths of function b at hidden layer, and the weights w j in the output equation Eq.(5). The authors have recently reported the results of RBFNN modeling of piezo-ceramic actuator with particle initial population being 100, individual length 35 and the maximum number of iterations to be 100 (Liu and Fujii, 2014) . These PSO parameters were all determined by experience. In this paper, the authors have generated 150 particles for fine global search while allowing 200 iterations, which will be shown later in this paper to provide improved modeling accuracy. Figure 4 shows the bi-morph type piezo-ceramic actuator used in this study (model PZBA-00030 by FDK corporation) whose physical parameters are summarized in Table 1 . The input voltage signal plotted with a blue solid line in Fig.5(a) is the input signal generated for training RBFNN model, and response of the actuator for this input can also be found with a red solid line in Fig.5(a) . Another different validation signal is used to validate the performance of the modeling in Fig.5(b) , and the response is depicted in the input vs output form as shown in Fig.6 . The validation input is a time varying amplitude sinusoidal signal whose frequency also varies with time from 10 to 1 [Hz] . The frequency of the voltage signal is altered to capture the property of rate-dependent hysteresis. The input signal shown in Fig.5 is generated with a D/A interface installed in the PC which is amplified by piezo driver (As-904, NF) to drive the piezo actuator. The system is controlled in real time by a PC in which ART-Linux is installed as a real time operating system. Displacement of the actuator is measured with a non-contacting type displacement sensor (M-2213, MESS-TEK Corporation) which has the dynamic range of ±1000[µm] and a positioning resolution of 20 [nm] . Sensor measurement is given in the form of an analogue voltage which is read by A/D converter also installed in the PC. The entire construction of the experimental system is illustrated in Fig.7 , and all sampling period of experimental setup in this paper are set to be 1[ms]. 
Results of RBFNN modeling
This function accumulates instantaneous fitting error g(k) defined by Eq. (8), where N is the number of signal samples contained in one iteration. The value of L is expected to decrease as iteration number increases. It can be observed from the figure that training result is good and the proposed neural network has trained to represent the dynamic relation between the input and the output signal of the piezo actuator, for a given range of frequency. In order to see how learning algorithm would affect the modeling performance, another 3-7-1 RBFNN is trained with ordinary back propagation (BP) algorithm using the same dataset. Figure 9 corresponds to the results of back propagation learning after 50 iterations, whereas Fig.10 corresponds to the results of PSO training. Figure 11 shows the result of additional 50 learning iterations for BP. It can be found from the results clearly that allowing more iterations will actually improve the modeling accuracy when BP is used for learning, but it is not good enough to capture rate-dependent hysteresis of the actuator.
Comparison of these figures immediately shows that RBFNN trained with PSO has successfully captured ratedependent hysteresis of an actuator, while RBFNN trained with back propagation fails and cannot model dynamic behavior of rate-dependent hysteresis. Table 2 summarizes the modeling accuracy quantitatively. 
Adaptive neural network IMC control system design for piezo-ceramic actuator
This section explains the control system design of a positioning control of a piezo-ceramic actuator. Figure 12 shows the structure of the proposed control system. The control structure is referred to as the internal model control which explicitly utilizes the model of the plant, and the RBFNN model trained with PSO has been incorporated as the internal model. IMC is suitable for control of a stable plant. It provides good control performance if the model to be embedded in the control system is sufficiently accurate like the case in this study. Fig. 12 Structure of control system design However, due to the rate/frequency-dependent nature of the hysteresis, embedded model might lose accuracy when driving signal frequency and/or speed changes. This paper proposes the use of additional RBF neural network as the controller of the actuator which is adaptively tuned on-line to cope with the possible changes in actuator dynamics as well as to suppress disturbances, as depicted in Fig.12 . Controller RBFNN is configured to have 2-7-1 structure whose input layer receives the tracking error
and the rate of error change
where y d (k) represents the reference position of the actuator at time k. The reason for the choice is that z 1 is used for the tracking control of our piezo actuator, and z 2 is used to suppress jerky response.
T be an input signal vector for controller RBFNN. Then output of the activation function of the j-th node of the hidden layer is determined by
where d j and c j ( j = 1, 2, · · · , 7) corresponds to the center and width of radial basis function, respectively. The control input will be synthesized finally by the following equation
where v j is the weight for h j . The controller is trained to make the tracking error e(k) converge to zero. It is equivalent to learn the inverse ratedependent hysteresis property of the piezo actuator if there is no modeling error, disturbance and/or measurement noise. The controller should also compensate modeling inaccuracies and disturbances when they are present. In order to increase the efficiency of control process, the conventional back propagation training is employed for the possible need of on-line tuning of the controller parameters, because of its light computational load and convergence speed. Let the target function for controller training be defined by
All network parameters b j and c j are updated according to its gradient of the tracking error function g c . The update laws for these parameters are given by the following three equations
and
The parameter η > 0 in these equations governs the learning rate. The terms starting with β in Eqs.(15)(16) and (17) represent the inertial terms which accelerate learning.
Results of control simulation and experiment

Comparative results of control simulation
In order to clarify excellent control performance of the proposed control system, a feedback positioning control simulation has been performed for a sinusoidal reference input whose frequency changes as a function of time from 1[Hz] to 2 [Hz] . We have used the incremental PID algorithm for this control. The incremental PID is an improved version of traditional PID and the increment of the control input can be calculated simply with less memory use (Shen et al., 2009) . The incremental PID controller is defined by
where e(k) is the instantaneous tracking error at time k and du(k) represents the increment of control. Gains included in this PID control law are set to (k p , k i , k d ) = (1.0, 0.8, 0.6) by trial and error. Figure 13 and 14 illustrate the result. It can be found that the proposed controller delivers excellent tracking while incremental PID results in a poor performance. It can be said that the incremental PID controller also fails to compensate the hysteresis as well. 
Results of control experiment
This section dictates the results of positioning control experiment of a piezo actuator which is modeled with proposed RBFNN structure. Figure 15 shows the actuator fixed in a clamp and a sensor probe. The same experimental apparatus as described in Fig.7 
Conclusion
An adaptive double RBF neural networks internal model control system for piezo-ceramic actuator has been presented in the paper. Two RBFNNs are used in the proposed control system: one RBFNN trained with PSO serves as the internal model of the actuator with rate-dependent hysteresis, whereas the other RBFNN is configured as the IMC controller which is tuned on-line by the classical back propagation algorithm with inertia term.
Results of the experiment indicate that proposed control system has a good performance. However, the response tends to be oscillatory as input frequency increases. This might be caused by discontinuous change of the frequency of the reference and resonance of the actuator. Such a low frequency resonance might occur because the bimorph actuator is thin in its shape. Hysteresis compensation while suppressing resonance behavior is one of the future research target.
